Transcriptional regulation is associated with a broad range of diseases. Methods associating genetic polymorphism with gene transcription levels offer key insights for understanding the transcriptional regulation plan. The majority of gene imputation methods focus on modeling polymorphism in the cis regions of the gene, partially owing to the large genetic search space.
Introduction
Transcription regulation plays a critical role in cellular states and misregulation has been associated with a broad range of diseases (Lee and Young 2013) . Several approaches have used genetic information in order to elucidate the association between transcription levels and phenotypic traits. Such approaches include association of phenotypes with expression quantitative trait loci (eQTLs) (Nica and Dermitzakis 2013) and more recently transcriptomewide association studies (TWAS), including the PrediXcan method (Gamazon et al. 2015; Gusev et al. 2016) , which develop models based on combinations of genetic variants for imputing gene expression prior to associating these imputed gene expression profiles with phenotypes. TWAS methods typically impute genes using only variants in cis with the gene whose expression they model, as the search space for possible trans associations is large and is thus harder to reach statistical significance.
Transcription factors (TFs) play important role in regulation of transcription by binding to cis regulatory regions in the vicinity of the regulated genes (Hobert 2008) . Notably, polymorphism in TFs have recently been associated with several diseases including hypertension, coronary artery disease, Type 2 diabetes mellitus and lipedema (Fujimaki et al. 2015; Hamed et al. 2016; Palizban et al. 2017) . Here, we hypothesize that polymorphism within transcription factors may be associated with the transcription levels of their transcribed genes. Thus, we test whether incorporating TF information into gene expression imputation models can improve the TWAS cis models. We introduce an extension to the TWAS cis models, which we call TF-enriched transcriptome wide association studies (TF-TWAS).
We tested three hypotheses concerning the way polymorphism within TFs may be associated with transcription levels of their transcribed genes: (1) cis-eQTLs of the TF may affect its transcription level and subsequently the transcription levels of the transcribed gene ( Figure 1A) ;
(2) TF polymorphism can affect binding of the TF to binding sites of their transcribed genes ( Figure 1B ); or (3) a combination of the two hypotheses ( Figure 1C ). We compared these three models to a base model, which includes only the cis variants of the gene (the TWAS cis model).
We constructed TF-TWAS models in four selected tissues: whole blood, liver, brain (hippocampus) and coronary artery. We identified 48 hit genes for which the TF-TWAS models significantly improved upon the TWAS cis models. Twenty-one hit genes have at least one SNP within the TF with higher model weight than any of the cis SNPs and sixteen of these genes are associated with different cancer types, Alzheimer Disease, Paranoid Schizophrenia and rare genetic diseases such as William Syndrome, suggesting further investigation in future works.
The TF-TWAS code is available at https://github.com/TangYiChing/TF-TWAS. 
Results

Identifying TF-TWAS hit genes
Our objective was to identify genes whose gene expression imputation models were significantly improved by using information about polymorphism in their associated transcription factors, which we term TF-TWAS hit genes (see Methods). We computed the regression performance (R 2 ) for a "base model", based on the PrediXcan methodology {Gamazon, 2015 #125} (Methods), and the regression performance of three types of TF-TWAS models for 61,403 genes across four selected tissues: whole blood, liver, brain (hippocampus) and coronary artery. The three types of TF-TWAS models correspond to three proposed mechanisms of gene expression regulation: (1) effect of expression of the TF; (2) effect on the binding affinity of the TF to the TF binding site; and (3) effects that stem from both mechanisms. We will refer to these models as TF-regulation, TF-binding and TF-both, respectively (Methods). Identification of TF-TWAS genes followed two steps: (1) comparing the regression performance of these three models to the base model; and (2) creating a background models for candidate outlier genes (see Methods, Table 1 ).
In the base model comparison step, the regression scores (R 2 ) of the TF-binding model obtained the highest correlation to the base model while the TF-both model obtained the least correlation in all four tissues ( Figure 2 ). There were large variations in the correspondence of the three models to the base model in terms of regression performance across the tissues. While in whole blood all TF models where highly correlated to the base model (Pearson ρ>0.92), there were larger variations in other tissues, where liver showing the lowest correlation for all three models (Pearson 0.52<ρ<0.71) and brain showing the largest difference between TF models (Pearson 0.45<ρ<0.98).
Using the background model step, we identified one, thirty and seventeen significant genes for the TF-regulation, TF-binding and TF-both with false discovery rate of 0.01 within each tissue (Table S1 ). The majority of the genes from three models were detected in brain and coronary artery tissues (between one, four and six genes per tissue in all models and TF-binding is an exceptional model with twenty-five significant genes detected in brain), whereas we detected genes in liver tissue only for the TF-both model. We found only single influential TF-SNPs per gene in the TF-binding model, while in the TFboth model the majority of the significant genes (nine out of twelve) genes have at least two influential TF-SNPs (see Methods, Table 2, Figure 3 ). As an extreme example, 28 influential TF-SNPs, distributed across nine TFs are associated with the HIST1H4J gene in the TF-both model. Some of the influential TFs were associated with more than two target genes. Two examples are GATA2, which is an influential TF in the expression of both ATG9B and AP3M1 genes, and YY1, which is an influential TF in the expression of both HIST1H4J and AP3M1 genes (Tables 2, S2-S3). 
TF-TWAS hit genes associated with disease
Our list of 48 TF-TWAS hit genes is enriched for two thyroid-related diseases, Hashimoto disease (seven hit genes in ToppGene Suite (Chen et al. 2009 )) and Thyroid neoplasm (eight hit genes) (B&H FDR <7e -4 ). Three of the genes, BRAF, NFKB1 and AQP3, where found in both thyroid-related diseases. Interestingly, the set of TFs associated with these three genes is enriched for Thyroid Carcinoma (B&H FDR < 4e -12 ), out of which Fos proto-oncogene, AP-1 transcription factor subunit (FOS) is a TF associated with all three genes and high RNA levels of FOS were associated with Thyroid Carcinoma (Terrier et al. 1988 ).
We highlight two hit genes associated with pharmacogenomic traits. The first is APOA1 ,associated with response to fenofibrate in people with Hypertriglyceridemia (two genetic variants, rs964184 and rs2727786, (Aslibekyan et al. 2012) ). Interestingly, one of its TFs, PPARA, has four other SNPs associated with decreased reduction in fasting IL-2 when treated with fenofibrate (Brisson et al. 2002; Frazier-Wood et al. 2013) ). The second pharmacogenomic example is PPARD, associated with differential response to docetaxel and thalidomide in people with Prostatic Neoplasms (five different variants, (Deeken et al. 2010) ). Two of its TFs, are also associated with these drugs, where RXRA show increased severity of Anemia when treated with docetaxel in people with Nasopharyngeal Neoplasmsa (Chew et al. 2014 ) and CTNNB1 is associated with increased response to thalidomide in people with Multiple Myeloma (Butrym et al. 2015) .
We next focused on TF-TWAS hit genes with influential TFs -TF-TWAS hit genes that have at least one influential TF-SNP (Tables 2, S2-S3). We identified 21 disease-associated genes, associate with genetic diseases, mental and neuronal diseases (Tables 2, S2-S3). No genes were identified by more than one of the three TF models (Table S1 ). We highlight here two examples:
For our first example, we identified a Presenilin 1 (PSEN1) as significant gene in coronary artery and furthermore, rs34810717 is an influential TF-SNP in its TF, Paired Box 5 (PAX5), with β weight of 0.7, while the maximal β of the cis-polymorphism of PSEN1 is 0.06 (Tables 2, S2-S3).
Loss of function of PSEN1 gene has been correlated to early onset Alzheimer's disease (Kelleher and Shen 2017) . Both PSEN1 and its TF, PAX5, were reported to be associated with Alzheimer's in African Americans and Caribbean Hispanics (Ghani et al. 2015) .
Our second example involves gliomas, a type of tumor primary occurs in brain and spinal cord.
We identified two TF-TWAS hit genes that are reported to be associated with gliomas along with and their corresponding influential TFs. They are the Sonic Hedgehog (SHH) gene and SET Domain Containing 2 (SETD2), identified in brain hippocampus according to the TF-both and TF-binding models, respectively (Tables 2, S2-S3). Aberrant SHH signal pathway and overexpression of its associated TF, CDC5L, are associated with tumor progression (Chen et al. 2016; Mariyath et al. 2018) , while SETD2 and its influential TF, E2F1, are correlated with fastgrowing gliomas (i.e., high-grade gliomas) (Yang et al. 2011; Fontebasso et al. 2013 ).
Discussion
We hypothesized that polymorphism within transcription factors (TFs) may help model transcription levels of their transcribed genes. We tested our hypothesis using three types of TFenriched modelsa model focusing on TF expression, a model focusing on TF-gene binding and a model combining both. We found that different models identified different hit genes where the models better explained transcription levels than models using only cis SNPs, highlighting the complex regulatory mechanism underlying gene expression.
We observed large variations in the number of detected TF hit genes across TF models and across tissues. The largest number of TF-TWAS hit genes were identified by the TF-binding model, followed by the TF-both, while TF-expression model discovered only one hit gene. This result favors a mechanistic interpretation of the way polymorphisms in TF can affect gene expression by affecting their binding affinity over regulating the TF expression. We also observed large variations between the models in each tissue. In the hippocampus, we identified 25 hit genes using the TF-binding model and only six using the TF-Both, while in whole blood, the TF-Both model identified three genes and the TF-binding model only one.
As our results demonstrate, polymorphism in TFs affects only a relatively small fraction of genes (48 genes out of more than twenty thousand expressed genes in each tissue). This is not a surprising outcome, as TFs typically transcribe multiple genes. Changes in TF binding or expression that affect multiple genes may be detrimental to the individual and suffer from evolutionary pressure. Although our approach can only identify associations and not causal relations, they may still be useful to prioritize genes and TF pairs for further experimental validation.
We observed large variability in the number of discovered TF-TWAS hit genes across tissues and models. We could not establish a possible correlation between factors such as tissue sample size or the number of TF-associated SNPs used in the model with the number of TF-TWAS hit genes. We suggest that the lack of correlation with tissue sample size should be further examined using a larger set of tissues.
We have used curated sources for TF-gene associations, but they may still suffer from false associations and at the same time miss many true TF-gene associations. We assume that our twostage approach to detect TF-TWAS hit genes is able to reduce the false hit genes to a minimum, but missing information about TF-gene associations probably reduced our ability to detect hit genes. Our hit genes list may thus be considered only partial to the true set of hit genes.
To summarize, we believe incorporating polymorphism in TFs is effective in modeling gene transcription levels for a subset of the human genes and detecting influential SNPs within TFs.
Thus, these models should be considered in future gene expression imputation methods and provide a new approach for studying the genetic architecture of human disease.
Methods
Data
Genotype and expression data from the Genotype-Tissue Expression Project (GTEx) version 6 (Lonsdale et al. 2013 ) was retrieved from dbGaP. We imputed the GTEx genotype data using the Michigan imputation server (Han et al. 2017) , the Human Transcriptional Regulation Interaction Database (HTRI) (Bovolenta et al. 2012 ) and the regulatory Network Repository of Transcription Factor and microRNA Mediated Gene Regulations (RegNetwork) (Liu et al. 2015) . In total, we included 204,477 unique gene-TF pairs (with 6.3±8.3 TFs associated with each gene on average, Table 1 ).
Genomic positions of the TFs were computed using the human genome assembly version 37 (GRCh37). For the TF-binding model, we used SnpEff v4.3 (Cingolani et al. 2012) for SNP functional annotation.
Constructing TF-TWAS models
We compared the TF-TWAS models to a base model, which follows the models proposed by the TWAS algorithm PrediXcan (Zou and Hastie 2005) . For the base model, we used the same parameters as PrediXcan, i.e. we used SNPs 1Mb from each of gene, filtered genotypes with imputation quality less than 0.8 and MAF < 0.01, adjusted for covariates including the first three principal components, 15 probabilistic estimation of expression residuals (PEER) factors (Stegle et al. 2012) , gender and sequencing platform, and used elastic net regression.
For TF-TWAS models, we included the SNPs in the base model and TF-associated SNPs of all the TFs associated with transcription of the gene (Figure 1) . We compared the base model to three sets of TF-associated SNPs, corresponding to different proposed mechanisms: (1) cis-eQTLs of the TF (association by regulation of the TF expression); (2) non-synonymous SNPs within the coding region of the TF (association by binding affinity); and (3) SNPs within 1Mb of the transcription factor coding region (both hypothesis). For brevity, we will refer to these models as TF-regulation, TF-binding and TF-both, respectively.
We compared these models across four tissues: whole blood (177 samples), liver (60 samples), hippocampus (54 samples) and coronary artery (72 samples) (Table 1 ). There were insignificant differences across tissues in the number of TFs associated with each gene, number of non-synonymous coding SNPs, eQTLs and SNPs within the 1Mb flanking regions of each TF (6.45, 0.9, 143 and 6733, respectively, Table 1 ).
Identifying TF-TWAS hit genes
We compared the average regression coefficient (R 2 ) over a 10-fold cross validation of the base model with the three types of TF models. We first detected candidate genes -genes whose TF model performance was higher than the base models by two standard deviations and Benjamini-Hochberg (Benjamini and Hochberg 1995) false discovery rate (B&H FDR) < 0.01. For each of these candidate genes, we constructed a background model to evaluate its significance.
Constructing the background models, we selected 100 random sets of TFs (each set with the same number of TFs as the true set of TFs associated with the gene) and computed the model R 2 for each random set. Genes whose background model empirical p-values was less than or equal to a false discovery rate of 0.01 were identified as "TF-TWAS hit genes" (Figure 4 ).
For the set of TF-TWAS hit genes, we further defined "influential TF-SNPs" as SNP within the TF region that obtain higher weights in the TF model than the maximal weight of its cis SNPs.
We term their corresponding TFs "influential TFs".
TF-TWAS hit genes associated with disease
We identified associations between TF-TWAS hit genes with and diseases or pharmacogenomic traits using enrichment analysis through ToppGene Suite (Chen et al. 2009 ), searching online databases like OMIM (Hamosh et al. 2002) , Malacards (Rappaport et al. 2013) , PharmGKB 
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